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1. Introduction 
Recently, the importance of sheet metal forming is rapidly increased due to a customer demand towards more 
personalized products and the requirement of smaller batches. However, manufacturers have to deliver faster with 
shortened product design and production phases. The phase of prototyping in the design of a product can take a long time 
and sometimes it can exceed the budget or, even worse, the products need to be launched before optimizing the design 
phase, showing the need for rapid prototyping [1]. The increase in popularity of flexible forming techniques has given 
rise to increase interest in the single point incremental forming (SPIF) process [2]. SPIF is promising technology in rapid 
manufacturing for medical implants (cranial plate, backseat orthosis) [3-4], transportation (car fender) and aerospace 
(airfoils) [5-7]. 
SPIF is a forming process that involves incrementally deforming a sheet into a designed shaped by a tool attached a 
control unit, usually a CNC machine or an industrial robot, that moves along a designated tool path. Owing to the 
utilization of CNC machine or industrial robot with a low cost production setup, this method has been proved to be a 
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Abstract: Sheet metals forming process is widely used in consumer and industrial products. However, the 
conventional sheet metal forming has low flexibility and product quality. It also prolongs the time-to-market in 
producing prototype products that required low costs. Single point incremental forming (SPIF) is one of relatively 
new sheet metal forming process. The increase interest in new techniques for forming processes and the usage of 
robotics in the industry has created more researches on the SPIF. Robot-based SPIF is a method of deforming a sheet 
metal to create designed workpieces by utilising a forming tool that attached to an industrial robot. In this present 
work, an optimization study for combination of process parameters in robot-based single point incremental forming 
of aluminum alloy sheet was experimentally investigated using Taguchi method to achieve an excellent surface 
roughness. A number of forming experiments were conducted using the L18 orthogonal array. Analysis of Variance 
(ANOVA) was used to identify the most significant process parameters affecting the surface roughness. The results 
analysis indicates that the optimum process parameters for surface roughness are obtained as 0.3 mm of step size, 
150 mm/s of robot speed and 45 degree of wall angle. The most significant process parameter is step size and 
followed by robot speed. The study revealed the surface quality could be improved by proper selection of process 
parameters. 
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flexible process [8]. The potential of this process is significant as it allows significant reduction in material usage 
compared to conventional deep drawing processes as it requires no dies in forming the sheet metal, effectively reducing 
the number of steps in a manufacturing process. The conventional sheet metal forming processes are depending on 
tooling, which costs in terms of time and money. Due to these factors along with increasing variants, varieties in the sheet 
metal fabrication, highly flexible forming process are being developed. 
The higher utilisation of robots in the industry has contributed to researchers to investigate the potential utilisation 
of industrial robots to carry out the SPIF process instead of utilizing a CNC machine. Due to the dynamic working range 
of industrial robots, the ability of the SPIF process to create a larger and complex workpiece can be enhanced. However, 
the robot-based SPIF process has yet to be fully optimised and adopted in the industry. But with major companies such 
as Ford are interested in the prospect of the technology, SPIF has become a topic that researchers are focusing on, in 
order to develop the process for industry adaptation [7]. This technology also has a great potential to be utilized in Industry 
4.0 since it can offer an integration of robot, intelligence-based monitoring and control system with internet-of-things 
(IoT) devices and networks for cyber-physical systems [9-10]. 
The SPIF process has multiple factors that contribute to the quality of the final workpiece. Nimbalkar and Nandedkar 
[11] analyzed the current state of the art of incremental sheet forming by comparison of incremental sheet forming and 
spinning forming, type of incremental sheet forming, equipment used in the process, tool path generation, material 
process parameter and deformation mechanism in incremental sheet forming. Vanhove et al. [12] confirmed that the 
increase in feed rate has a positive effect on ductility and increases the maximum forming angle. Callegari et al. [13] 
performed several experiments to validate the complex methodology for system design and prototyping. The important 
parameters are types of materials, number of axes of the task, the kind of interpolation between the points, the path 
imposed to the tool and the size of punch. Baturone et al. [14] investigated the influence of geometrical parameters on 
the force in two directions in a SPIF process with three types of component as a dome, a truncated cone and a truncated 
pyramid. 
Tisza [15] defined short historical overview of sheet incremental forming that was originally being study and 
analyses recently. One of the measures of effectiveness of the process is through analysing the surface roughness of the 
final part. Mugenderan et. al [16] had attempting to optimize the metal forming parameters such as surface roughness 
and sheet thickness after forming which is to obtain minimum surface roughness and maximum wall thickness in 
incremental forming. Cus and Zuperl [17] briefly present a compensation method in milling in order to take into account 
tool deflection during cutting condition optimization or tool path generation. 
With multi-parameters are affecting the process, it is important to analyse the various changes that could occurred 
within the process when manipulating the process parameters. Therefore, there is a need to find an optimum level of 
process parameters for the process to be carried out. Conventional experimental design methods are too complex and not 
easy to use. This study attempts to optimize the settings of the process parameters. Using a simple, effective and 
systematic approach, the optimal process parameters can be derived. As a powerful and high-quality experimental tool 
[18-20], Taguchi method uses a special design called orthogonal array to study the entire parameter space with a small 
number of experiments. In this method, process parameters that influence the processes are separated into two main 
groups: control factors and noise factors. A statistical analysis of variance (ANOVA) is performed to identify the process 
parameters that are statistically significant. The optimal combination of the process parameters can then be predicted 
based on the above analysis. 
In this present work, an optimization study for combination of process parameters in robot-based single point 
incremental forming of aluminum alloy sheet was experimentally investigated to achieve an excellent surface roughness. 
Experiments were conducted under different process parameters, namely, robot speed, step size and wall angle. The 
settings of process parameters were determined by using Taguchi experimental design method. In addition, the effect of 
the process parameters and their significance on the surface roughness is statistically evaluated by using ANOVA. 
 
2. Methodology 
2.1 Materials and Methods 
In this study, AA3003 aluminum alloy with 0.5 mm thickness was used as specimen. The forming tool used in the 
experiments was fabricated from AISI D2 tool steel with a hemi-spherical tip of a 10 mm in diameter. The experimental 
work was performed using a forming tool, which integrated with a six degree-of-freedom industrial robot as shown in 
Fig. 1(a). The robot has great flexibility and is suitable for both pint-to-point and continuous-path controlled tasks. The 
blank holder is fixed vertically on the worktable, and the forming tool is fixed to the fixture attached to the robot. The 
tool path used was a helical tool path and the experiments has been conducted to produce the shape profile, which is a 
truncated cone with a diameter of 200 mm and a depth of 30 mm as shown in Fig. 1(b) and 1(c), respectively. 
The main process parameters were step size (A), robot speed (B) and wall angle (C). In this study, the step size is 
the vertical movement of the tool, which is varied in two levels of 0.3 mm and 0.5 mm. Robot speed also referred as feed 
rate was also changed from the starting speed of 50 mm/s, which is equivalent to 20% of the maximum achievable robot 
speed, and increased to 150 mm/s (60%) and to 250 mm/s (100%). However, the final shape of the truncated cone differs 
in the wall angle, as the wall angle is a manipulated parameter. Wall angle was manipulated by controlling the step of the 
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tool along the radius of the truncated cone. For example, a 45-degree wall angle for a 0.3 mm step size is achieved by 
moving the tool by 0.3 mm along the radius before the tool moves vertically by 0.3 mm. 
Since the lubrication in SPIF process is needed to reduce friction between forming tool and formed sheet metal in 
the forming area, the lubrication of synthetic oil with grade of SAE 15W-40 was used. After the robot-based SPIF process, 
the specimen was cut for measuring the surface roughness (Ra) at four different measurement locations per specimen 
using a Mahr Perthometer S2 tester as shown in Fig. 2, and the average roughness values of surface roughness were 
evaluated. 
 
Fig. 1 - (a) Experimental setup; (b) helical too path; (c) truncated cone shape of formed specimen 
 
Fig. 2 - (a) Surface roughness measurement setup; (b) four locations for surface roughness measurement 
 
2.2 Design of Experiment 
Taguchi method is an excellent technique for design of experiment that can reduces the number of experiments 
drastically, and subsequently to decrease the experimental time and cost associated with it. In this study, Taguchi method 
was used to determine an optimal processing parameter for minimizing the surface roughness in robot-based SPIF 
process. The three process parameters namely step size (A), robot speed (B) and wall angle (C) were used as control 
factors and each parameter was designed to have three-levels, except the parameter of step size with two-levels as shown 
in Table 1. 
 
Table 1 – Process parameters and their levels 
 
Parameter (Symbol), unit Level 1 Level 2 Level 3 
Step size (A), mm 0.3 0.4 - 
Robot speed (B), mm/s 50 150 250 
Wall angle (C), degree 30 45 60 
 
Depending on the number and type of parameters to be investigated, a standard Taguchi experimental plan with 
notation L18 (2132) was selected. An orthogonal array with arranged control factors is shown in Table 2. It gives total 18 
experimental runs and each run has a unique combination of factor levels. The Taguchi method utilizes S/N (signal-to- 
noise) ratio to quantify the variation of data. There are three categories S/N ratios and it depends on the type of required 
characteristics such as lower is better (LB), nominal is better (NB), and higher is better (HB). In this present work, the 
characteristic of LB was used and the corresponding S/N ratio becomes as shown in Equation (1), 
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𝑆/𝑁  = −10 ∙ 𝑙𝑜𝑔 [
1 
∑𝑛   (𝑦 2)] (1) 
 
𝑛      𝑖=1     𝑖 
 
where n is the number of replications, and yi represents the experimental observed value (surface roughness) of the ith 
experiment. Each L18 and measurement of surface roughness was made four times at different locations. 
 
Table 2 – Experimental design using L18 orthogonal array 
 
Experiment 
no. 
 Factor  
A B C 
1 0.3 50 30 
2 0.3 50 45 
3 0.3 50 60 
4 0.3 150 30 
5 0.3 150 45 
6 0.3 150 60 
7 0.3 250 30 
8 0.3 250 45 
9 0.3 250 60 
10 0.5 50 30 
11 0.5 50 45 
12 0.5 50 60 
13 0.5 150 30 
14 0.5 150 45 
15 0.5 150 60 
16 0.5 250 30 
17 0.5 250 45 
18 0.5 250 60 
 
3. Results and Discussion 
Fig. 3 shows top view of the formed AA3003 aluminum alloy sheet in robot-based SPIF for 18 different combinations 
of process parameters and the measured values of surface roughness are listed in column two to five of Table 3. It indicates 
that the surface roughness has no obvious trend with respect to step size, robot speed and wall angle. Further analysis on 
the measured surface roughness is required to obtain a result that can be interpreted. Thus, the average surface roughness 
and the S/N ratio were used as presented in column six and seven five of Table 3, respectively. 
The results analysis was performed using MINITAB 14 statistical software to find the optimized value and its 
influence on surface roughness. The S/N ratios were calculated for surface roughness using LB characteristic that 
expressed in Equation (1). Since the LB characteristic is used in this study, it shows that the S/N ratio increases as the 
surface roughness decreases and they have an inverse relationship. This reflects that the highest S/N ratio leads to the 
optimum combination of parameters for obtaining a lowest value of surface roughness (i.e. good product quality). 
Table 4 shows the response table of robot-based SPIF for the surface roughness response. The average response 
characteristics for each level of each factor are presented in the response table. The delta value measures the size of the 
effect by calculating the difference between the highest and lowest value for each characteristic response. The rank and 
delta values can assist to evaluate which factors have the greatest effect on the response. It shows that the step size has 
most influence on the surface roughness and shown as first rank in Table 4. 
The main effects plots for S/N ratios illustrate how the process parameters and their level can be affected to the 
response. The main effects plots also known as the signal response graph for the orthogonal array. Fig. 4 shows the main 
effects plot for step size, robot speed and wall angle. It indicates that the optimal combination of parameter levels by 
reading the peak of each graph. Thus, the optimum levels for step size, robot speed and wall angle are 0.3 mm (A1), 150 
mm/s (B2) and 45 degree (C2), respectively. 
The statistical analysis of variance (ANOVA) was conducted to establish the relative significance of each process 
parameters on surface roughness and the results are shown in Table 5. The ANOVA that was carried out used a confidence 
interval of 0.05 thus, the P-value required for the parameter to be significant needs to be less than or equal to 0.05 [21]. 
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Fig. 3 – Top view of formed AA3003 aluminum alloy sheet in robot-based SPIF (Step size, A; robot speed, B; 
wall angle, C) 
 
Based on Table 5, it is worth to note that the P-value for parameter of step size (A) is 0.001, which indicates that 
there is strong evidence that step size influences the surface roughness produced by the robot-based SPIF process. It also 
shows the influence of robot speed (B), which has a P-value of exactly 0.05. Although it does not have as strong as 
evidence than step size, it does influence the surface roughness significantly. The only parameter that has no evidence to 
support its significance on affecting the response is wall angle with P-value of more than 0.05, which is 0.389. The 
parameter of wall angle has no significant effect to the SPIF process when the material thickness used is equal or more 
than 0.5 mm [11, 22-23]. 
Based on the ANOVA that was carried out, the parameter of step size contributes the most to the robot-based SPIF 
process with a percentage contribution of 45.35%. This supports the previous literatures [24-25] on the SPIF process, 
whereby the step size increases the accuracy of the final product. Robot speed has less significant compared to step size, 
as it only contributes to about 19.41% of to the robot-based SPIF process. The wall angle contributes the least with a 
percentage contribution ratio of only 5.14% and can be ignored due to its weak P-value.In this study, confirmation 
experiment was carried out to evaluate the performance of experimental trial conducted for surface roughness under 
optimal condition (step size, A1 = 0.3 mm, robot speed, B2 = 150 mm/s and wall angle, C2 = 45 degree). Initially, the 
maximum S/N ratio for each control factor is considered to define whether or not the minimum surface finish is acceptable 
[26]. This maximum S/N ratio could be predicted using Equation (2). 
 
 
predicted 𝑚 
𝑓 
𝑖=1 𝑖 𝑚
) 
 
(2) 
 
where m is the overall mean of S/N ratio (4.751 dB), f is the number of factors, and i represents the mean of S/N ratios 
at the optimal level of each factor i. From Table 4, the i for step size (A1), robot speed (B2) and wall angle (C2) are 
+ ∑ − 
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5.806 dB, 5.724 dB and 5.243 dB, respectively. According to these values, the maximum S/N ratio can be predicted as 
7.290 dB. Subsequently, the predicted minimum surface roughness is 0.433 μm at optimal condition. 
 
Table 3 –L18 orthogonal array experimental results for surface roughness in robot-based SPIF of aluminum 
alloy sheet 
 
Experiment 
no. 
Surface roughness, Ra (μm)  Average 
Ra 
S/N 
(dB) Ra(1) Ra(2) Ra(3) Ra(4) 
1 0.462 0.707 0.434 0.563 0.542 5.162 
2 0.541 0.646 0.473 0.868 0.632 3.749 
3 0.501 0.433 0.482 0.601 0.506 5.854 
4 0.548 0.575 0.458 0.457 0.510 5.811 
5 0.414 0.391 0.294 0.407 0.377 8.414 
6 0.417 0.442 0.399 0.412 0.418 7.581 
7 0.673 0.605 0.470 0.570 0.580 4.670 
8 0.414 0.474 0.561 0.500 0.487 6.194 
9 0.593 0.630 0.610 0.446 0.570 4.816 
10 0.597 0.655 0.669 0.517 0.610 4.259 
11 0.509 0.515 0.782 0.548 0.589 4.449 
12 0.647 0.754 0.837 0.994 0.808 1.746 
13 0.777 0.732 0.504 0.677 0.673 3.344 
14 0.535 0.600 0.674 0.502 0.578 4.709 
15 0.535 0.628 0.634 0.584 0.595 4.487 
16 0.696 0.730 0.724 0.591 0.685 3.254 
17 0.602 0.752 0.625 0.544 0.631 3.940 
18 0.611 0.604 0.833 0.730 0.695 3.087 
 
Table 4 – Response table for robot-based SPIF of AA3003 aluminum alloy sheet 
 
Level 
Step size 
(A) 
Robot speed 
(B) 
Wall angle 
(C) 
1 5.806 4.203 4.417 
2 3.697 5.724 5.243 
3 - 4.327 4.595 
Delta 2.108 1.521 0.826 
Rank 1 2 3 
 
 
 
Fig. 4 – Main effects plot (data means) for S/N ratios obtained for surface roughness 
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As shown in Table 6, the predicted value was higher than the measured value for the confirmation experiment, 
indicating the surface roughness is improved. While the S/N ratio has increased for the measured value, showing less 
noise in the process. The confirmation experiment indicates that the optimization process has produced acceptable results, 
since there is both improvements in the S/N ratio and the measured average surface roughness that was compared to the 
predicted value. 
 
Table 5 – Results of ANOVA for surface roughness 
 
Source DF SS MS F-test P-value PCR (%) 
A 1 20.003 20.003 18.08 0.001 45.35 
B 2 8.562 4.281 3.87 0.050 19.41 
C 2 2.266 1.133 1.02 0.389 5.14 
Error 12 13.276 1.106   30.10 
Total 17     100 
 
Table 6 – Results of confirmation experiment 
 
 Predicted 
experiment 
Confirmation 
experiment 
Level A1-B2-C2 A1-B2-C2 
Average Ra (μm) 0.433 0.3680 
S/N ration (dB) 7.270 8.683 
 
4. Conclusion 
A parametric optimization and effect of step size, robot speed, and wall angle in robot-based SPIF process of 
aluminum alloy sheet have been experimentally investigated on the average surface roughness to achieve an excellent 
surface quality. As a result of experimental trials performed using Taguchi orthogonal array and ANOVA, it was found 
that the optimum level of process parameters to obtain better surface roughness was A1 (step size, 0.3 mm), B2 (robot 
speed, 150 mm/s), and C2 (wall angle, 45 degree). It reveals that the step size was the most significant factor affecting 
the surface roughness with a percentage of 45.35%. It followed by the robot speed at 19.41%. Otherwise, the wall angle 
was not the main affecting parameter and highly negligible when forming the aluminum alloy. Based on the result of 
confirmation test, it shows that the surface roughness in robot-based SPIF is greatly improved by using this approach. 
Analysis of material thickness and tool path would be focused in future work to cover the variety of shape and products 
dimension. 
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